Using the data from the 2006 Programme for International Student Assessment (PISA), this study sheds light on the gender gap in mathematics and science achievement of 15-year-olds in Turkey. We apply a semiparametric Oaxaca-Blinder (OB) decomposition to investigate the gap. This technique relaxes the parametric assumptions of the standard OB decomposition, accounts for the possible violation of the common support assumption and allows us to explore the gender test score gap not only at the mean but also across the entire distribution of test scores. Our findings provide evidence that the failure to recognize the common support problem leads to the underestimation of the part of the gap attributable to observable characteristics. We find that girls outperform boys in science while the gap is not statistically significant in math. School characteristics are the most important observable characteristics in explaining the gap. We also find that the gender test score gap changes across the distribution.
Introduction
Gender inequalities in educational performance have been the subject of much research for many decades. Promoting gender equality in education is an important policy goal especially in developing countries as it is associated with greater equality in employment outcomes, low infant mortality rates, a decrease in the number of early marriages and better investments in education and health of fut ure generations (OECD (2010) ). Using the data from the 2006 Programme for International Student Assessment (PISA), this study explores the gender gap in mathematics and science achievement of 15-year-olds in Turkey. We apply a semiparametric Oaxaca-Blinder (OB) decomposition to investigate the gap.
The exploration of gender test score gap is important for the following reasons. First, the recent research on the economic impact of human capital investment underlines the prime importance of educational quality over pure schooling attainment (Hanushek (2008) ) . Social scientists use international tests of students' performance in cognitive skills such a.s mathematics and science as a proxy for education quality. Mulligan (1999) and ::vlurnane, \iVillett, Duhaldeborde, and Tyler (2000) show that mathematics test score in high school has a significant effect on annual earnings. Since math, and science skills are highly valued in the labor market, understanding the gender patterns in these su bject fields allows us to gain insight into the gender wage gap and different ial education and labor market choices across genders. For example, if girls lag behind boys in terms of t he accumulation of math skills in childhood and adolescence, they are less likely t han boys t o choose science, technology and engineering as a field of study at tertiary level, promoting gender inequality in employment opportunities such as the underrepresentation of women in math-intensive fields. Second, using data from the international student achievement tests, empirical growth research documents a significant impact of the quality of education on economic growth (Hanushek and Kimko (2000) ; Jamison, Jamison, and Hanushek (2007) ). Moreover, Hanushek and Hitomi (2008) provide evidence t hat educational quality is closely related to school attainment in the developing countries.
Thus, educational policies aimed to improve quality of education also help meet goals for educational attainment.
The contribution of this paper to the literature is threefold. First, although OaxacaBlinder decomposition (Oaxaca (1973); Blinder (1973) ) has been widely used to examine discrimination in the labor market, the application of this methodology in the economics of education is quite recent. It has been applied to examine the test score gap between countries (Ammermi.iller (2007); Botezat and Seiberlich (2011) ), schools (private versus public) (Duncan and Sandy (2007) ; Krieg and Storer (2006) ) and ethnic groups (indigenous versus non-indigenous) (Sakellariou (2008) ; McE'wan (2004) ) . There are only two studies that use the decomposition to analyze the gender test score gap. Sohn (2010) uses an aggregate quantile decomposition to analyze the gender mathematics gap in primary school in the USA while Hille (2011) use a detailed decomposition at mean to study the gender gap in mathematics in French primary school.
Our decomposition method has several advantages over the standard OB decomposition. The semiparametric decomposition relaxes the parametric functional form assumption of the standard OB decomposition. It provides useful information on the gender test score gap not only at the mean but also across the entire distribution of test scores. In addition, the standard OB decomposition ignores the common support problem. Nopo (2008) shows that failure to account for the problem of lack of common support leads to systematically upward-biased estimates of the unexplained part. In the semiparametric decomposition, on the other hand, counterfactual outcomes are computed only for the common support subpopulation. The rationale behind this empirical strategy ensures that female and male observations that are actually comparable in terms of their observed characteristics are matched. The semiparametric matching method makes it possible to estimate the counterfactual outcome for each individual separately, allowing us to account for arbitrary individual effect heterogeneity.
Second, there are a number of studies that examine gender gap in educational at-tainment in Turkey 1 However, studies on the quality of education, which is measured by achievement on standardized tests, basically analyze the determinants of academic achievement without paying sufficient attention to the causes of the gender test score gap.
2 To the best of our knowledge, this is the first study that rigorously examines the gender test score gap in Turkey using a semiparametric OB decomposition. Moreover,
Turkey is an interesting case to study as it has the largest average gender test score gap in science and one of the smallest gap in mathematics among OECD countries. we construct two indexes, namely the index of students' general level of beliefs in their academic abilities in science and the index of motivation in science. Vve expect that the higher levels on each index, the higher the student's performance in science and math.
Although, these indexes are subjective measures of motivation and ability, they allow us to control for potentially endogenous effects at least to some extent.
The semiparametric OB decomposition results can be summarized as follows. The 1 Tansel (2002) uses data from the 1994 Household Budget Survey to investigate determinants of the gender gap in educational attainment. Utilizing data from the 1988 Household Labor Force surveys, Hisarctkhlar, McKay, and Wright (2010 examine ho''' the gender gap in educational attainment changed over an 18-year period during which Turkey launched the educational modernization program. Focusing on undergraduate students in a large public university in Turkey, Dayioglu and Tiiriit-A §ik (2007) examine gender gaps in university entrance exam scores and academic performance. Smits and Hosgor (2006) study the impact of family background variables on participation in primary and secondary education of children and point to the importance of mother's education especially in primary participation of girls. Dayioglu, Kirdar, and Tansel (2009) investigate the effect of sibling composition on the gender gap in school enrollment in urban Thrkey.
2 Dincer and Uysal (2010) examine determinants of student achievement in science using data from the 2006 PISA. Aypay, Erdogan, and Sozer (2007) aim to answer the same research question by utilizing data from the 1999 Trends in Mathematics and Science Study (Tll\tli\IIS). Erberber (2009) uses the 2007 TIMlVIS to investigate factors associated with Turkey's regional differences in science achievement.
3 According to the PISA 2006 test results, the mean gender test score gap in science across OECD countries ranges between 11.9 score points in favor of girls in Turkey and 10.06 score points in favor of boys in the UK. In math, boys outscore girls in all countries except Iceland. Thrkey with 4.48 score points on the low end while Austria has the highest gap with 22.61 score points. mean test score gap is 15.1 points in favor of girls in science while it is not statistically significant in math. Girls possess more of the characteristics associat ed with high science scores. School characteristics are the most important observable characteristics in explaining the gap. Our findings suggest that ignoring the common support problem causes the underestimation of the part of the gap attributable to observable characteristics. Moreover, gender test score gap shows heterogenous pattern across the test score distribution. vVe find that in science, the gap favoring girls is statistically significant until the top quantile and the largest gap occurs at the 50th quantile. In math, the gap is statistically significant only at the top quantile where boys outperform girls.
This study is organized as follows. The next section reviews studies exploring the gender test score gap and provides background information on the education system in Turkey. Section 3 describes the data and variables used in the empirical analysis. Section 4 introduces the econometric model and discusses the identification strategy. Section 5 presents results while Section 6 concludes.
Background and Literature

.1 Factors Influe ncing Gender Test Score Gap: N ature versus N urture
There has been much interest in examining the link between the structure of brain and gender differences in educational outcomes. The proponents of biological theories argue that gender differences in brain composition, hormone levels and spatial ability produce a gap in achievement. Uncovering anatomical, chemical and functional differences between the brains of men and women, Cahill (2012) provides evidence that how these genderbased variations relate to differences in male and female cognition. Davison and Susman (2001) look at the relationship between cognitive ability and hormone levels. They investigate whether higher levels of testosterone are associated with better spatial skills by assessing testosterone levels of boys and girls aged between 9 and 14 years old at three test session every six months. The results show positive relations between spatial scores and testosterone for boys at all three sessions whereas for girls at the third session. Brosnan (2006) points out that the effects of testosterone on spatial performance cannot be generalized at the right tail of the spatial distribution. Kucian, Loenneker, Dietrich, Martin, and Von Aster (2005) examine whether males and females differ in brain activation and performance patterns when solving number-related tasks. They observe different activation patterns between males and females in tasks that require the use of complex problem solving strategies. Ceci, vVilliams, and Barnett (2009) give an extensive review of studies focusing on biological explanations and underscore that biological evidence provided by research in this domain is inconsistent and sometimes contradictory. In our study, we cannot test hypotheses based on biological explanations due to data limitations.
The other strand of the literature emphasizes sociological and environmental factors as the cause of the gap. One of the most important sociological arguments attributes the gender gap in educational achievement to stereotypical thinking such as believing that girls just cannot do math, language is for girls and math is for boys. Investigating geographic differences in gender test score gap in the U.S., Pope and Sydnor (2010) find that there is a large and statistically significant variation in the gender ratios of gth graders scoring at the top percentiles of the National Assessment Educational Process (NAEP) across states and census divisions. 4 They also find that in areas where men and ·women are viewed as more equal, gender disparities are smaller in both stereotypically male-dominated tests of math and science and stereotypically female-dominated tests of reading. Fryer and Levitt (2010) show that parents have lower math expectations for their daughters. They test whether these parental gender stereotypes can explain "vhy girls fall behind in math.
To capture the parental expectation effect, they also include an indicator variable for having a mother who works in math-related professions in their regression. The findings indicate that parental expectations do not have a significant impact on the gender math gap. However, Tiedemann (2000) and Jacobs and Eccles (1992) provide evidence t hat parents' gender stereotyped beliefs about their children's competence in ma.th (i.e. ma.th is a. male domain) influence children's self-perceptions of ability in ma.th and hence their ma.th achievement. Moreover, Carrell, Page, and \iVest (2009) examine the impact of a.
teacher's gender on students' performance in math and science classes. Having a. female ma.th or science teacher has a significant effect on female students' performance in math and science while professor gender has little impact on male students. The effect is more pronounced for female students with very strong ma.th skills.
Guise, Monte, Sapienza., and Zingales (2008) examine gender test score gaps in mathematics and reading across 40 countries using data from the 2003 PISA. They find that boys, on average, outperform girls by 2 percent in mathematics. Moreover, the gap virtually disappears in more gender-equal countries such as Norway and Sweden. The gender gap is reversed in reading. Girls, on average, score 6,6 percent higher than boys. However, more gender-equal cultures are associated with a.n increase in the reading gap in favor of girls. For example, girls' reading score average is 25.1 higher than that of boys in Turkey while in Iceland it is 61 higher. 5 Therefore, their findings point to the importance of culture in explaining the gender test score gap.
There exists a. substantial body of research on the importance of family background variables such a.s parental education, family income and educational resources available at home on student performance (La.ra-Cinisomo, Pebley, Vaiana, Maggio, Berends, and on student achievement across countries using the PISA data sets. They show that both family socioeconomic status variables and school institutional factors such as whether the school is public or private and school academic selectivity have significant impacts on student achievement. However, evidence on school resources such as class size and student-teacher ratio is mixed. Hanushek and Luque (2003) points to inconsistency of the estimated effect of school resources in the literature.
In sum, it is difficult to address the question of nature versus nurture related to the gender test score gap due to interactions betvveen biological and environmental factors
Secondary Education in Turkey
Formal education in Turkey consists of the institutions of preschool education, primary education, secondary education and higher education. Preschool education is voluntary.
Eight years of primary education, which used to be five years until l997, is compulsory for all Turkish citizens and is free of charge in public schools. There are also private schools under state control. Students who completed the compulsory level successfully could proceed to secondary education where most of the schools are public. Private secondary schools make up only 8,2 percent of the secondary education system in Turkey (Eurydice (2010)). The duration of the secondary education is minimum four years. Some schools in which the medium of instruction is a foreign language in most of the courses, have a foreign language preparation grade. Thus, in these schools the secondary education lasts 5 years.
The public secondary education consists of two categories: general secondary education and vocational-technical secondary education. There are many different types of institutions in both categories. 6 Vocational and technical education institutions aim not only prepare students for tertiary education but also to educate them as manpower for business and professional branches.
There are schools such as Anatolian high schools and science high schools that admit 6 For further information on these institutions, see http:/ j oog;m.meb.gov.tr. students with entrance examination. Students are accepted to those schools according to secondary education placement score (Eurydice (2010) ). This score is determined by the entrance exam and competence grades at the end of the 6th, 7th, and 8th class. The centralized nationwide entrance exam consists of multiple choice questions focusing on the curriculum. Year end competence grade is the mean of the two semesters' end averages of all courses.
Data and Descriptive Statistics
In the empirical analysis, we use the 2006 PISA survey which is a standardized achievement test in reading, mathematics a.nd science among 15-yea.r-olds enrolled in grades 7 or above. 7 The implementation of PISA is coordinated by the Organization for Economic PISA is performed on a representative sample of the national population of 15-yearolds enrolled in school. However, in Turkey, most of the 15-year-old students are not subject to compulsory school attendance and 40-45 percent of 15-year-old children are not in school (Blancy and Sasmaz (2011) ) . Therefore, when evaluating the PISA results, one should take into account the fact that the selection into enrollment may not be random. The majority of children who are not enrolled in school are more likely to have lower academic achievement levels than those enrolled in school.
In PISA In Turkey, girls, on average, outscore boys in science by 12 score points. In mathematics, however, boys outscore girls by 6 score points.
1°F or more information on item response theory scaling methodology, see OECD (2009) 
2006.
The variables used to analyze the gender test score gap can be classified into the following three categories.
Student Characteristics
Y.le control for a student's grade as it may have something to do with students' cogni- Table 2 shows six questions in the 2006 PISA designed to measure how good students felt they were at science. To assess self-efficacy in science, students were asked about their level of confidence in tackling specific scientific tasks.
The notion of self-efficacy differs from self-concept as it includes not only a student's confidence in their ability to do science but also a student's belief in their ability to overcome difficulties when attempting scientific tasks (Marshall, Caygill, and Ivlay (2008) ). The list of tasks presented to students is given in Table 2 . We create the index of beliefs in own abilities in science by simply adding up indexes of self-efficacy and self-concept.
The higher the index is, the more confident a student is about her/ his academic abilities in science. To control for students' interest, enjoyment, and motivation with respect to science, ·we utilize three indexes. The index of general interest in science is based on a series of questions designed to gauge their interest in learning about science topics. The list of topics is shown in Table 3 . The index of enjoyment of science measures how much students enjoy learning science topics and acquiring new knowledge in science. Students were asked questions about the usefulness of science for them and their future careers.
The index of importance of learning science for future career is created by using students' responses to those questions that are listed in Table 3 . The index of motivation in science is the simple sum of these three indexes. The higher the index is, the more motivated a student is to do well in science. In PISA 2006 students were also asked whether they think that they will have a science-related career when they are about 30 years old. We create an indicator variable that takes the value of one if the student expected to have a science-related career at age 30 and zero otherwise. V· .,Te expect that students expecting to pursue a science-related career have higher science/ math achievement than those who are not.
Family Background Characteristics
The 2006 Vve use the number of books at home as an indicator of cultural capital. We create four dummy variables based on the following categories: i) 0 to 10 books; ii) 11 to 25 books; iii) 26 to 100 books; and iv) more than 100 books. We also control for the index of 11 For detailed information on the construction of ISEI index, see Gazeboom et al. (1992) home education resources. This index is derived from the availability of various household items at home such as a study room, technical reference books, a computer that students can use for schoolwork and educational software. 12
School Characteristics
Y.le create an indicator variable taking the value of one if the school is in a rural area which is defined as a geographical unit with less than 15.000 inhabitants. VIe also create the following seven regional dummies as a set of controls for school location: l\llarmara region, Central Anatolian region, Aegean region, Mediterranean region, Blacksea region, Eastern
Anatolian region and Southeastern Anatolian region. We divide schools into three types, namely general high schools, Anatolian high schools, and vocational high schools. 13 To control for possible differences between public and private schools, we construct a variable indicating whether the school is public or private. Examining the effects and mechanisms of gender peer effects in elementary, middle, and high schools, Lavy and Schlosser (2011) find that an increase in the proportion of girls is associated with improvement in boys and girls' cognitive outcomes. To capture the potential favorable interaction between genders, we use sex ratio in the school that measures the proportion of girls enrolled at school. The variables that account for school resources are average class size, and the index of the quality of the school's educational resources. The computation of the index is based on the school principal's perceptions on potential factors hindering instruction at school. For example, the school principals were asked whether their schools' capacity to provide instruction is hindered by shortage of science laboratory equipment or computers for instruction. The descriptive statistics on family background characteristics indicates that the educational attainment of fathers is higher than that of mothers. For example, mothers with tertiary education make up 6% of the sample while 14% of fathers have tertiary education. Fathers with no secondary education constitute 55% of the sample whereas this rate is 72% for mothers. The distribution of the educational attainment of parents does not differ considerably between male and female samples. However, there is a significant difference between the average scores of males and females on the index of the highest parental occupational status. 5% of fathers and 2% of mothers have a science-related career. The average annual family income does not vary significantly between male and female samples. 91% of students are from families whose annual income is less than the median annual income (24.000 TL) in Thrkey. The index of home education resources does not show a significant gender difference whereas females seem to have more books at home than males.
Descriptive Statistics
98% of students attend public schools. Almost half of the sample has a classroom size of at least 30 students. On average, females attend schools with a more balanced sex ratio than males do. Females are overrepresented among students who are enrolled in general high school and Anatolian high school and underrepresented among those who are enrolled in vocational high school.
The mean value of the index of the quality of the school's educational resources is -0.81.
The negative value provides evidence that instruction in schools, on average is hindered by a lack of adequate educational resources. The index does not differ significantly between male and female samples.
16
One drawback of the PISA assessments is that they are based on the performance of 15-year-olds that are enrolled in formal education. Therefore, differential drop-out rates across genders may considerably influence the results. In the specific case of Turkey, there are significant gender differences in enrollment across regions. Akkoyunlu-vVigley and vVigley (2008) point out that females residing in rural areas and eastern provinces are less likely to attend school than their male counterpartsY Consistent with the evidence provided in the literature, in our sample females are underrepresented among schools that are in rural areas and among those that are in Southeastern Anatolian and Blacksea regions. Given lower female enrollment rate, the sample of girls is likely to be positively selected sample of 15-year-old girls, which causes any gender gap favorable to boys to understate. One should take into account the possible selection bias when interpreting the results. 16 It is important to note that the construction of the index relies on the judgment of school principals rather than on external observations or the vie\¥S of students and teachers. Principals may not provide objective measures of the condition of physical infrastructure.
17 Table IV in Akkoyunlu-Wigley and Wigley (2008) shows that in Turkey, the gender gap in secondary education enrollment is 6.1% in 2003, ranging from 13.3% in Southeastern Anatolian region to 0.4% in Ma.rrna.ra region.
Econometric Model
As an alternative to the standard OB decomposition 18 , ·we apply propensity score matching method to decompose the gender test score gap into the composition effect and the return effect. This method estimates the counterfactual outcomes for each individual separately, allowing us to account for heterogeneity across individuals (Heckman, LaLonde, and Smith (1999) , lmbens (2004)). Moreover, the counterfactual outcomes are computed only over the common support. Decomposing the gender wage gap among college graduates in the UK, Frolich (2007) is the first to use such a matching procedure outside the treatment evaluation literature. Botezat and Seiberlich (2011) 18 In the standard OB decomposition the test score production function is assumed to be linear for both genders, i.e. Yp = X (3p +cp for females and YM = X f3M+cM for males. Under the zero conditional mean assumption E [cF IXJ = E [cM IX] = 0. Let D is an dummy variable indicating whether the student is female. After taking the expectations over X, the overall mean gender test score gap 6. can be written as follows:
where E [cFID = 1] = E [cM ID = 0] = 0. After adding and subtracting the counterfactual test score for females, E [X ID = 1] f3M, which asks what would girls' test score be if they had the san1e returns to educational inputs as boys, the gender test score gap becomes:
where the first term is called the composition effect which can be attributed to differences in average characteristics between females and males. The second term is due to differences in average returns to those characteristics and called the return effect.
The estimated gender test score gap is obtained by replacing the expected values of the covariates by the sample averages and the coefficients by their OLS estimates. The detailed decomposition can be written as follows:
where K is the number of regressors without constant, /JF is the vector of coefficients for females while /JFk is the coefficient of explanatory variable k for females. The same distinction applies between /3 M and /JM k
is the number of females and n1v1 the number of males in the samples.
To obtain the propensity score, we estimate the probability that an individual is
F (x' (3) represents the cumulative logistic distribution. Next, we estimate the density of this propensity score using a Kernel estimator. Let JI(p), fo(P) be the distributions of the propensity score P = P(X) for females (D = 1) and males (D = 0) respectively. ff (p) and Jt(P) denote the corresponding densities for the common support subpopulation S. with a.n estimated propensity score that is smaller than the maximum propensity score of males (pmaxM) and larger than the minimum estimated propensity score of males (pminM) belong to the common support subpopulation.
For the common support subpopula.tion, the gender test score ga.p ca.n be ·written as follows:
where Y 0 and Y 1 denote the potential outcomes. Frolich (2007) shows that the counterfactual outcome is identified as follows:
The counterfactual represents the expected test score that females (D = 1) would have if they had the same returns to educational inputs as males (D = 0).
Vve estimate the expected outcome for P(X) = p by the ridge regression proposed by Seifert and Gasser (1996) . This estimator is a. convex combination of the local constant 19 f J (P) = ~ is scaled such that the integral integrates to one, where f..tSID=d is the empirical 1-tSID=<I probability of being on the common support conditional on having gender d. and local linear estimators. Several Monte Carlo studies show that this estimator has a better performance than other matching estimators (see Frolich (2004) , Busso, DiNardo, and McCrary (2011) ). The ridge regression takes the following form: After adding and subtracting the counterfactual outcome in (2), we can decompose the gender test score gap for the common support subpopulation in (1), into two parts:
The first term can be attributed to differences in the distribution of propensity scores between females and males and is called the composition effect (6c)· It would vanish if females had the same characteristics as males. The second term is due to differences in returns to these characteristics and thus called the return effect ( 6r) . It would vanish if females had the same returns to educational inputs as males.
The identification of the composition and return effects crucially relies on two assump- To justify the CIA, we control for a rich set of covariates available in the PISA data set, including student, family background, and school characteristics. Although we do not have information on innate ability, the data set allows us to construct two indexes that provide subjective measures of ability and motivation in science. Those indexes at least partially account for potentially endogenous effects. Moreover, Fortin, Lemieux, and Firpo (2011) point out that the aggregate decomposition would even be valid in the presence of the correlation between unobserved and observed characteristics under the condition that the correlation is the same for both genders.
The second assumption is the overlap assumption. It requires that the probability of being female is smaller than one, i.e. Pr(D = 1IX) < 1. This type of overlap assumption is standard in the literature (e.g. Rosenbaum and Rubin (1983), Heckman, Ichimura, and Todd (1997) , Hahn (1998 ), vVooldridge (2002 , Imbens (2004)) . 20 To guarantee that 20 There is a stronger version of the overlap assumption called strict overlap (e.g Robins, Rotnitzky, and Zhao (1994) , Abadie and Imbens (2006) , Crump, Hotz, Imbens, and Mitnik (2009)). Strict overlap requires that the probability of being female is strictly smaller than 1 -~ for some~ > 0. Khan and Tamer (2010) point out that something similar to the strict overlap assumption is needed for VN -convergence of some semipa.rametric estimators. Busso, DiNardo, and McCrary (2011) provide further evidence on the importance of (strict) overlap assumption.
supp(X ID = 1) ~ supp(XID = 0) we restrict the estimation of the composition and return effect to the common support subpopulation.
To account for the observations in the sample that cannot be matched, we follow Nopo (2008) and decompose the whole gap D. into three parts: D.= t1 1 +t1c+t1r. 21 In addition to the composition and return effects, we have t1 1 which represents the part of the test score gap that can be explained by differences between two groups of females: those who can be matched with males and those who remain out of the common support, weighted by the empirical fraction of females who are out of the common support. A positive value of t1 1 indicates that female students, who are out of the common support, perform better than their counterparts, who are in the common support.
This semiparametric approach also allows us to decompose the gender test score gap for the common support subpopulation into the the composition and return effects at different quantiles. The two parts of t he gap at quantile T can be estimated as follows:
D.~= FY-ofo=t,s(T)-FY-ofo=o,s(T)
t18 =D.; + D.~= Fy~fD=t,s( 7 )-FyofD=o,s
21 The gap can be written explicitly as follows:
where S denotes out of the common support and Jl.S iD=d the empirical probability of being unmatched conditional on having gender better. However, it does not matter whether the father is in science-related occupation.
The final specification in Table 4 also adds a set of covariates capturing school char-acteristics. As expected, students who attend schools in an rural area and those with low quality of educational resources score worse. A more balanced sex ratio at school is associated with a higher math test score. Compared to students attending schools in Marmara region, those attending schools in Aegean, Mediterranean, and Blacksea regions score better while those attending in Eastern Anatolian and Southeastern regions score worse. School type matters. Students from Anatolian high school score better but, those from vocational high school perform worse than those from general high school. It is worth noting that in Table 4 , the gender test score gap becomes larger than the raw gap when the number of covariates increases. The estimates suggest that controlling for other factors, females score worse than males in math.
Because females and males may not be equally responsive to changes to covariates, we perform the analysis separately for males and females. The results presented in columns 1 and 2 of Table 6 suggest that the responsiveness to motivation and ability indexes varies across genders. The effect of motivation index on math achievement is statistically significant only for males while the effect of the ability index is statistically significant only for females. Father's education is more important for daughters. iVIoreover, coefficients on school characteristics show important differences between males and females. Table 7 presents the results from the standard OB decomposition for a reduced set of three factors: student characteristics, family characteristics and school characteristics.
The composition effect is positive and statistically significant at the 1% level, implying that gender differences in observable characteristics predict an advantage for females over males in the average mathematics scores. School characteristics are by far the most important explanatory factors contributing to the composition effect. Students and family characteristics account for 11 .3 percent and 8. 7 percent of the composite effect respectively. The return effect is negative and statistically significant at the 1% level, suggesting that males are better able to convert educational inputs into higher math test scores. The contributions of student and family characteristics to the return effect are negative but statistically insignificant, indicating that there is no discernible gender difference in trans-forming student and family inputs into math test scores. The negative and statistically significant contribution of school characteristics to the return effect suggests that males appear to have a particular advantage with converting school inputs into better math test scores.
.1.2 G ender Test Scor e Gap in Scien ce
OLS estimates of the gender test score gap in science is presented in Table 5 . The raw test score gap in science is 10 score points in favor of females. As expected, students with a more positive view of their abilities in science and those expecting to pursue a science-related career at age 30 tend to have higher scores. The more motivated a student is to do well in science, the higher achievement in science. Moreover, students who attribute more importance to math score better. \Vhen we include family background characteristics, the gender test score gap decreases in magnitude but remains statistically significant. Parental education, income, and occupational status, whether mother has a. The results presented in columns 3 and 4 of Table 6 suggest that variables associated with statistically significant estimated coefficients are nearly the same for both gender, implying that there is no substantial difference between male and female education production function. However, the responsiveness to different cova.ria.tes changes across genders.
For instance, as in the case of math test results, father's education is more important for daughters and males respond to school characteristics differently than females do.
The standard OB Decomposition results are presented in Table 8 . The composition effect is positive and statistically significant, suggesting that gender differences in ob-servable characteristics predict an advantage for girls over boys in the science test score.
Consistent with math test score results, school characteristics is the most important factor contributing to the composition effect. The contribution of family characteristics to the composition effect is not statistically significant while differences in student characteristics account for only 4.1 percent of the composition effect. The return effect is negative and statistically significant, providing evidence that males are more efficient in transforming educational inputs into higher science test scores. Similar to the decomposition results for math score presented in Table 7 , the most important advantage for males results from higher returns to school inputs and the contributions of student and family characteristics to the return effect are negative but statistically insignificant. Table 9 presents the results from the sernipararnetric OB decomposition of the mean test score gap that restricts the comparison to the common support. The upper panel of Table   9 shows the results for science while the lower part shows those for mathematics. As one moves down in both lower and upper panels of the table, the set of covariates steadily grows. In the final specification, the percentage of females who are out of the common support is 12.5 percent.
The Semiparametric OB Decomposition
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The following conclusions can be drawn from Table 9 . In science, except the first specification which controls for only student characteristics, the composition effect is positive and statistically significant, implying that gender differences in observable characteristics predict an advantage for girls over boys. As expected, the composition effect increases as we control for more covariates in the model. The contribution of school characteristics to the composition effect is very important. The return effect becomes statistically insignificant when we control for school characteristics. The final specification presented 22 In Table 9 , the percentage of females who are out of the common support changes across specifications. In the first specification which only controls for student characteristics, 0.29 percent of females are out of the common support while this rate is 0.04 percent for the second specification which controls for student and family characteristics and 12.47 percent for the final specification which also adds school characteristics to the second specification.
in the third row of Table 9 indicates that girls outperform boys in science by 15.2 points.
In math, the mean test score gap is 8.7 points in favor of boys in the first two specifications, however it turns out to be statistically insignificant in the final specification. A comparison of the results presented in Table 9 and those in Tables 7 and 8 reveals that the standard OB decomposition tends to underestimate the component of the gender test score gap attributable to the composition effect. Table 10 presents the results from the semiparametric OB decomposition that also accounts for the out-of-common-support observations. The mean test score gap in the science (math) in the full sample is 10.1 (-8.7) points and thus very different from the gap in the common support subpopulation presented in Table 9 . This finding points to the importance of restricting the comparison only to those individuals with comparable characteristics. .6. 7 • and .6.c are the same as those in Table 9 and they are computed only over the common support . .6. 1 , the difference between females who can be matched with males and those who cannot, is statistically significant only in the final specification which controls for student, family and school characteristics. In both science and math, the negative value of 6. 1 indicates that females who are in the common support perform better than those who are out of the common support.
It is ·worth noting that the outperformance of girls over boys in science could be partially explained by the fact that there exist gender differences in secondary education enrollment rate in Turkey · where boys have higher enrolment rates than girls. Therefore, our sample is likely to be composed of a positively selected sample of girls, causing the overestimation of the gender gap favorable to girls. Table 11 presents the results from the semiparametric OB decomposition at different quantiles, allowing us understand the heterogenous pattern across the distribution. The top panel of Table 11 shows that in science, the gap is in favor of girls and statistically significant until the top quantile. The largest gap takes place at the 50th quantile. The bottom panel of Table 11 indicates that in math, the gap is is statistically significant only at the top of the distribution. At the top end, girls lag significantly behind boys.
23
The composition effect is negative and statistically significant, suggesting that boys possess more of the characteristics associated with high math scores. Therefore, targeting resources to girls at the top of the distribution would be the efficient way to close the gap in math.
Conclusion
In this paper, we use a semiparametric Oaxaca-Blinder (OB) decomposition to investigate the gender PISA test score gap in mathematics/ science in Turkey. Our semiparametric approach differs from the standard OB decomposition in several aspects. It decomposes the average test score gap for the common support population and relaxes the parametric assumptions of the standard OB decomposition. Moreover, it allo·ws us to examine the gender test score gap at different quantiles of the test score distribution.
The results for the semiparametric OB decomposition evaluated at the mean of test scores indicate that the gender test score gap is 15.2 points in favor of girls in science while it is not statistically significant in math. The positive and statistically significant composition effect suggest that girls possess more of characteristics associated with high science test scores. School characteristics plays an important role in explaining the gap.
Our findings provide evidence that the failure to recognize the common support problem leads to an underestimation of the composition effect. We also find that the gender test score gap changes across the test score distribution. In math, the gap is statistically significant only at the top end of the distribution suggesting that high-achieving boys perform better than high-achieving girls in math. In science, the gap favoring girls is statistically significant until the top quantile and the largest gap occurs at the 50th quantile. .,...
..., and 10% levels respectively. Constants are not reported. T he reference categories for grade , mother's ed ucation , father's education, the number of books at home, family income, school type and region are stud ents who are in the 7th grade or in the 7th grade, mothers with tertiary education. fathers with t.ert iary ed ucat.ion ,the number o f books at. home ~ 10 , t he fa mily income <0.5 median family income, general high school and marmara region respectively. NOTES: In the fi rst two columns, the dependent variable is the PISA math score while in the last two columns, it is the PISA science score.
Robust standard errors are given in parentheses. T he estimations arc carried out using sample weights provided in the data. set.. ·", ~ and + indicate that the estimated coefficients are statistically significant at the 1%, 5o/o and 10% levels respecti vely. Constants are not reported . T'he reference categories for grade, moth er's education, father's education, th e nu mber of books at home, fami ly income, school ty pe and region tH'C stud ents who arc in the 7 th grade or in t.he 7th grade. rnothcrs with tertiary education, fathers with tertiary cduca.tion,the number of books at home ~ 10, the family income <0.5 median family income, general high school and marmara region respectively. NOTES: Males are treated as the reference group. The estimations are carried out using sample weights provided in the data set. Standard errors are given in parentheses and simulated with 500 bootstrap replications. tif the 5% and 95%
quantile of the bootstrap distribution have the same signs, * if the 2.5% and 97.5% quantile of the bootstrap distribution have the same signs, ** if the 0.5% and 99.5% quantile of the bootstrap distribution have the same signs. NOTES: Males are treated as the reference group. The estimations are carried out using sample weights provided in the data set. Standard errors are given in parentheses and simulated with 500 bootstrap replications. tif the 5% and 95%
quantile of the bootstrap distribution have the same signs, * if the 2.5% and 97.5% quantile of the bootstrap distribution have the same signs, ** if the 0.5% and 99.5% quantile of the bootstrap distribution have the same signs.
